Introduction
Recently, sparsity has gained enormous attention in the signal processing field for solving common engineering problems. The redundant transformation is a tool for enhancing the sparseness. For instance, the curvelet transform, highly popular transformation in the image processing community, is such a representation tool proved to produce optimally sparse representations of two-dimensional signals with edges [1] . Since the spectrogram can be treated as a two-dimensional representation of acoustic signals with edges, the curvelet transform is applicable to sparsely represent the spectrogram. In this paper, we propose a sparse representation method for acoustic signals by the use of curvelets, and confirm its efficacy through an example of speech denoising.
Curvelet transform
In the mathematical concept, a frame † on a vector space is a generalization of a basis: a basis always contains same number of elements as the dimension of the space whereas a frame can contain more elements than that, which is usually referred to as a redundant system. It allows more flexibility than a basis by sacrificing linear independency, but still guarantees the perfect reconstruction as a basis does.
The curvelet frame {ϕ j,ℓ,k } is a specific frame for sparse image representation written as
where ϕ j is a two dimensional waveform with scaling parameter j ∈ N (see Section 2 of [2] for detail),
, and R θ is the rotation matrix with angle θ. The elements of the frame are shown in Fig. 1 . The curvelet transform of a two-dimensional signal f ∈ L 2 (R 2 ) is given by
3. Redundant representation of acoustic signals We propose a redundant representation of acoustic signals using the curvelet frame. The relation of the do- * e-mail: chiba@asagi.waseda.jp † One should not confuse with the term "frame" used for a short time analysis segment in the speech signal processing. mains explained in this section is shown in Fig. 2 . First, an acoustic signal is converted to a spectrogram by the short-time Fourier transform (STFT) ‡ . Then, the spectrogram is transformed by Eq. (2). Since a spectrogram is a two-dimensional representation with the time and frequency indexes, the curvelet transform is applicable.
Since one curvelet coefficient covers several timefrequency bins, as in Fig. 1 , and the curvelet frame has the sparse representation property [1] , a spectrogram of an acoustic signal can be represented with a few curvelet coefficients.
Speech denoising using curvelet transform
In order to demonstrate the effectiveness of the proposed representation, we applied curvelet denoising method using the hard thresholding to speech.
The hard thresholding, which commonly appears in image denoising methods [4] , enforces sparsity by replacing small coefficients with zero. Figure 3 shows values ‡ In this paper, we chose a proper dual window for the inverse STFT to ensure perfect reconstruction: in other word, we used the Gabor frame [3] . clean speech noisy speech (SNR 10 dB) Fig. 3 The behavior of curvelet coefficients of spectrograms. The left graph shows normalized magnitude of the coefficients sorted in descending order. There is an obvious difference between a clean speech and a noisy speech regarding the decreasing trend. This behavior is similar to that of a clean image and a noisy image. The right one shows its cumulative contribution ratio.
and contribution of curvelet coefficients for clean and noisy speech spectrograms. From the figure, it is confirmed that the noise mainly affects small coefficients. Therefore, hard thresholding can remove noise contaminated coefficients. In order to adapt it to speech signal processing, the threshold κ is weighted with γ j,ℓ > 0, which is inversely proportional to the histogram of curvelet coefficients of several speech spectrograms at each dilation and orientation:
For an experiment, we applied the method to a female speech with additive pink noise. The level of the noise was chosen so that signal-to-noise ratio (SNR) became 10 dB. The thresholding process was iterated 10 times. For comparison, the same input signal was processed by two denoising methods: OM-LSA [5] and MSS [6] § which estimate power of noise automatically. Note that the thresholding does not use the information about the noise. The cepstral distance (CD) and the kurtosis ratio (KR) [7] were calculated for evaluation. Figure 4 shows the spectrograms of speech signals obtained before and after denoising with the proposed method. The CDs and the KRs are shown in Table 1 .
Although it is such a simple thresholding method, these results indicate that the proposed method can produce a denoised speech which is closer to the original speech with less musical noise, due to the shape of curvelets which is not good at representing isolated spectral components causing musical noise, than the others. Subjectively, the result from the proposed method is more intelligible than the noisy or compared methods, because of less musical noise, even though high-frequency components of the processed signal are reduced.
Conclusion
In this paper, we proposed a sparse redundant representation for acoustic signals using the curvelet trans- § MATLAB codes for these methods are available online. OM-LSA: http://webee.technion.ac.il/people/IsraelCohen/ MSS: http://ecs.utdallas.edu/loizou/speech/software.htm form, and the speech denoising experiment confirmed its efficacy. Future work includes application for various topics on acoustic signal processing such as dereverberation and source separation.
